ABSTRACT
DNA microarray technology has become a widely used technique for global gene expression monitoring and inevitably produces large datasets requiring data reduction techniques and computational analysis. Hierarchical clustering is often used to arrange genes and samples into tree structures according to similarity in patterns of gene expression (Eisen et al., 1998) . The freely available programs CLUSTER and TREEVIEW perform hierarchical clustering and graphically present hierarchical dendrograms with a pseudo-color representation of the gene expression matrix. This approach is powerful for identifying overall patterns in microarray data for both genes and samples; however, it is not always suited for the identification of genes differentially expressed in specific groupings of the samples. A common objective in molecular profiling studies is the identification of gene expression signatures that distinguish groups of samples based on certain parameters (i.e. cell type, differentiation state, tumor stage, tumor grade, etc.). We developed the Cluster Identification Tool (CIT) to work in conjunction with CLUSTER/TREEVIEW to address this analysis objective. * To whom correspondence should be addressed.
Two general approaches have been applied to the identification of differentially expressed genes. In the first approach, genes are hierarchically clustered and the clusters that best differentiate between groupings of samples are identified by visual inspection (Alizadeh et al., 2000) . In the second approach, individual genes are scored and ranked based on a discrimination metric (Bittner et al., 2000; Golub et al., 1999; Hedenfalk et al., 2001) . We and others, have proposed a hybrid approach in which the average profile from each cluster, rather than an individual gene profile, serves as an input into a discrimination model (Hastie et al., 2001; Takahashi et al., 2001) . Cluster mean profiles allow for the evaluation of a biologically significant signature based on a cluster's size, intra-correlation, and discrimination ability, whereas individual gene analysis allows for only the latter. However, the affects of clustering could occasionally lead to discriminating genes being left out of their true clusters, thus being missed.
To accommodate for these advantages and disadvantages, CIT performs differential gene expression analysis based either on cluster mean profiles or individual gene profiles (see supplemental information for algorithm details and examples). In both cases, a Student's t-statistic combined with permutation analysis is used to identify significant discriminators. This statistical approach was used to identify genes that significantly discriminate tumor samples based on mutation status in breast cancer (Hedenfalk et al., 2001) . The algorithm first separates cluster mean values or individual gene values based on the supplied sample grouping. A t-statistic is calculated and its significance is determined by a comparison to a distribution of t-statistics generated by randomly permuting the sample groupings. CIT ranks cluster mean profiles or gene profiles based on a discrimination score (D), which is equivalent to the actual t-statistic's z-score with respect to a distribution of random t-statistics. Assuming a normal distribution, D can be converted to an approximate p-value, reflecting the likelihood that the actual t-statistic arose from sample labels being associated with CIT is a user-friendly application that integrates with the widely used and freely available CLUSTER/TREEVIEW software. While a number of models for the computational analysis of differential gene expression have been described (Getz et al., 2000; Golub et al., 1999; Hastie et al., 2001; Hedenfalk et al., 2001) , implementations of many of these analysis methods are not freely available. At least two other cluster-based models for differential gene expression analysis have been described: CoupledTwo Way Clustering (CTWC) and Supervised Tree Harvesting (STH). In the former, all 'stable' clusters that 'significantly' partition the data are identified and then the partitions can be related to known sample parameters. CTWC's advantage over CIT lies in its unsupervised identification of all stable partitions; however, for defined sample parameters, CIT should produce the same end result. In the latter, cluster mean profiles are used to model outcome variables such as survival time or cancer classes. STH's advantage lies in its ability to model quantitative outcomes and discriminate based on multiple sample groups. In order to accommodate multiple sample groups in CIT, the user would need to perform multiple binary groupings. Figure 1 is a screenshot of a CIT session which identified clusters of genes that differentiate between melanoma cell lines and fifty-two other cells lines in the NCI-60 panel (Ross et al., 2000) . The input for CIT was a clustered gene expression matrix of 4552 genes across 60 cell lines. In this case, CIT identified a number of large clusters that significantly partition the melanomas from the others. The identified clusters and their expression values were saved in a format ready for reclustering in CLUSTER and viewing in TREEVIEW (see supplemental information). In addition to interrogating the NCI 60 clusters, we used an earlier version of CIT (then called CLUSTERFINDER) to examine the gene expression profiles of 35 Renal Cell Carcinomas (RCC). From this data we identified a signature that corresponds with patient five-year survival, suggesting that a new molecular subclass of RCC may exist (Takahashi et al., 2001) .
